We address the bias from using potential vs. actual experience in earnings models. Statistical tests reject the classical errors-in-variable framework. The nature of the measurement error is best viewed as a model misspecification problem. We correct for this by modeling actual experience as a stochastic regressor and predicting experience using the NLSY79 and the PSID. Predicted experience measures are applied to the IPUMS. Our results suggest that potential experience biases the effects of schooling and the rates of return to labor market experience. Using such a measure in earnings models underestimates the explained portion of the male-female wage gap.
I. Introduction
This paper addresses the bias inherent in the use of potential, as opposed to actual, work experience measures in human capital earnings models. At a minimum, traditional (Mincerian) log wage equations employ one's completed schooling, ability (if available), prior work experience, and its square. The latter two variables capture the concave relationship that exists between labor market experience and its pecuniary rewards. Many data sets do not contain actual work histories, however. The 1979 National Longitudinal Survey of Youth (NLSY79) and the Panel Study of Income Dynamics (PSID) are two exceptions and are thus preferable in many instances. Because of their relatively small size and unrepresentativeness, such data sets are not always desirable [Moulton (1986) ]. Thus, one is often forced to proxy for actual work experience with potential work experience-measured as the time elapsed since leaving school. Such a measure assumes continuous work histories and abstracts away from employment status (over-, full-, or part-time) and multiple-job holding.
Most researchers seem content using potential work experience measures for males as it is not unreasonable to assume that they have been in the labor force continuously since leaving school. The use of such a measure for females is viewed less favorably, yet no attractive alternatives are readily apparent. In many instances, researchers confine their attention solely to males in order to avoid lapses in labor force participation that occur more often for females as they experience various life-cycle changes. While the focus on males arises from expediency, there may be no reason to exclude females from the analysis. Many researchers have undertaken great efforts to avoid the exclusion of females from their analysis (e.g., Filer, 1992; Blank, 1988; Garvey and Reimers, 1980; Corcoran, 1979; Polachek, 1975; Mincer and Polachek, 1974) . The increased and more prominent role of females in the labor force warrants, if not necessitates their inclusion [Fullerton and Byrne (1976) ]. While use of the Mincer proxy for work 1 experience has become standard practice, we argue that the use of such a measure for males may still be problematic. Male workers, like their female counterparts, experience employment lapses. Such lapses take two different forms-namely, an active job search while unemployed or a withdrawal from the labor force. It is unreasonable to assume that one's labor market experience is affected in the same way by these two different forms of employment lapses. Furthermore, one would not expect the "return" to unemployed labor force experience to be the same as that of employed labor force experience. This paper employs data collected from the NLSY79 and the PSID to address measurement error in work experience and to examine the implications for gender wage decompositions. The errors-in-variables framework that is usually assumed to be classical is violated here because the measurement error does not have a mean of zero and is found to be correlated with actual measures of work experience. As an alternative to viewing the problem as one of measurement error, we believe it is more fruitful to think of the problem as one of specification error. We investigate the extent to which actual experience can be predicted from other variables and extend our predicted work experience measures to a data set in which actual measures of work experience are not available-specifically, the 1990 wave of the Integrated Public Use Microdata Sample (IPUMS). The potential work experience measures tend to overstate the effects of schooling and the rates of return to labor market experience.
The only exception to the latter is for the females. Our predicted work experience measures generally lead to a substantial reduction in the bias on the schooling and experience coefficients. The single exception arises from the estimated coefficient on experience squared for the NLSY79 females. Furthermore, more of the male-female wage gap is explained when our predicted work experience measures are used in lieu of potential experience.
The paper proceeds in the following fashion: Section II provides the background 2 and literature review. Section III discusses the conceptual framework that underlies the analysis. Section IV discusses the data used in the analysis. Section V presents and discusses the results. Finally, Section VI concludes.
II. Background and Literature Review
Measurement error is a problem commonly faced in applied work. For practical purposes, measurement error in the endogenous variable is not problematic because it is usually assumed to be uncorrelated with the regressors. The R 2 of the regression is smaller, however, because of the additional noise contained in the random error term.
Conversely, measurement error in regressors does pose serious problems because it leads to biased and inconsistent OLS estimates. When faced with such a problem, most researchers assume that the measurement error is classical, in the sense that the true regressors and their measurement error are uncorrelated, the random disturbance term and the measurement errors are asymptotically uncorrelated, the measurement errors are normally distributed, and that the measurement errors are uncorrelated among themselves.
The standard assumptions placed on the measurement error typically rise out of convenience and are not usually supported by empirical evidence (e.g., Black et al., 2000) . Duncan and Hill (1985) and Rodgers et al. (1993) use administrative records from a large manufacturing firm to verify workers' responses to questions pertaining to earnings and hours worked while Bound and Krueger (1991) and Bound et al. (1994) examine measurement error in longitudinal earnings data. Bollinger (1998) also examines measurement error in panel data but uses a nonparametric methodology. Lee and Sepanski (1995) offer a computationally and analytically simpler method to the nonparametric methodology in consistently estimating regression models with measurement error in the dependent and/or independent variables when validation data are available. In sum, all of these validation studies confirm measurement error 3 in survey data and their findings contradict many of the assumptions made in and implications drawn from classical measurement error models.
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Measurement error in other variables contained in traditional (Mincerian) log earnings regressions, specifically that of schooling, has received considerable attention in the twins-based literature. Work in this area originally stemmed from the desire to eliminate the bias due to omitted variables (e.g., ability). Ashenfelter and Krueger (1994) were also able to address measurement error in schooling through the creative use of self-and twin-reported schooling levels. While the rather large estimated rates of return to schooling seem to be an anomaly of their data set, Ashenfelter and Krueger conclude that omitted variables do not bias the rates of return to schooling upwards, as was commonly thought and subsequently reaffirmed, while measurement error in schooling biases the rates downwards. See Ashenfelter and Rouse (1998) and Rouse (1999) for follow-up work.
Flores-Lagunes and Light (2003) expand Ashenfelter and Rouse's data set of identical twins to include pairs of siblings from the NLSY79. They note that most research has assumed classical measurement error (e.g., Ashenfelter and Krueger, 1994; Ashenfelter and Rouse, 1998; Rouse, 1999) while non-classical measurement error has usually been assumed to be mean-reverting (e.g., Black et al., 2000) or "(optimal) prediction error" (e.g., Hyslop and Imbens, 2001 Marquis et al. (1986) .
4 of return to schooling, Neumark (1999) uses instrumental variables to correct for the attenuation bias due to measurement error. He concludes that the OLS rates of return to schooling may be the most accurate if the within twin ability bias is large enough to offset the measurement error bias in schooling. Like Griliches (1979) , Behrman and Rosenzweig (1999) work experience using occupation-specific equations for the NLSY66 and extends his findings to the 1980 Census Public Use Microdata Tapes. Overall, these papers find marginal benefits from using predicted, as opposed to potential, work experience measures for females.
III. CONCEPTUAL FRAMEWORK
As is evident from the previous discussion, much of the literature on measurement error in human capital models has focused on measurement error in a linear term (e.g., schooling). Several researchers (e.g., Ashenfelter and Rouse, 1998; Behrman and Rosenzweig, 1999) have noted the complications introduced by measurement error in a quadratic variable but few have tackled the problem. It is our intention to examine this issue more closely in the context of specification error. Note that we abstract away from any measurement errors that may arise with respect to age and schooling in the potential experience variable and away from measurement error in the direct measures of actual work experience. The objective here is to determine how the use of potential experience versus direct measures of actual work experience affect parameter estimates in earnings models and inferences about gender wage inequality from wage decompositions. Actual work experience as directly measured is the standard against which potential and predicted work experience effects are compared.
Our discussion of specification error will be framed in the simplest of models-a traditional (Mincerian) log wage equation,
where Y is the natural log of the hourly wage, S is the schooling level, X * is true/actual work experience, H is a set of K other control variables, ε is a random error term, i indexes the individual, and N represents the sample size. 2,3 More compactly, we can express (1) as,
where Y and ε are (N x 1) vectors, W * is the (N x (K + 4)) observation matrix, and γ is the ((K + 4) x 1) coefficient vector. Taking the probability limit of the OLS estimator,
which is consistent only if plim(N −1 W * 0 ε) = Σ W * ε = 0. Thus, the regressors, specifically schooling and experience, must be exogenously determined (i.e. uncorrelated with ε).
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Now suppose that true work experience, X * , is unobserved. Instead one observes X, which can be thought of as potential work experience. Couching this in the traditional errors-in-variables model,
where v is the measurement error. At this point we will assume non-classical measurement error in the sense that v may be correlated with X * and that the mean of v may not be, and most probably is not, zero. 5 As is traditionally the case we will, however, assume that there is no correlation between v and ε. Later we conduct tests of the classical measurement error assumptions. 4 Several researchers have noted the endogenous nature of schooling (e.g., Bound and Solon, 1999; Black et al., 2000) . 5 The mean of v could be positive if potential work experience overstates actual work experience, which is likely the case for many females. If, however, potential work experience understates one's actual work experience, which is more likely for those who work over-time or who hold multiple jobs, E(v) would be negative.
The nature of the measurement error we are considering is better viewed as a model misspecification problem. This can be seen by substituting (4) into (1) yielding,
where ε * i is,
More compactly, (5) can be expressed as,
where W is the (N x (K + 4)) new observation matrix, and ε * is the new (N x 1) error vector. The error vector ε * may be expressed as,
where X * ¯v and v¯v are Hadamard products (i.e. element by element multiplication between X * and v and between v and v, respectively).
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The probability limit of the OLS estimates is,
W W Σ W ε = 0. Now, with specification error associated with substitution of X for X * , the asymptotic bias in b γ consists of three or four terms.
Our approach to correcting for specification error consists of modeling actual experience as a stochastic regressor generated from a semi-log model:
where
) and Z is a set of regressors that includes the regressors in (1) (i.e. S, H) and a set of identifying variables (i.e. a respondent's age in 1990, a set of occupational dummy variables, and the number of children for females).
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The semi-log specification bounds X * i away from zero. Our proposed correction procedure uses a predicted measure of actual work experience constructed in the following fashion:
where b γ 1 is obtained from OLS estimation of (10) andσ
is obtained from the method of moments estimator
that ensures that the sample mean of c X * is identical to the sample mean of X * , including even the sample lacking actual work experience (see Oaxaca and Ransom, 2003) . 8, 9 Since n (X * 2 i ) = 2 n (X * i ) it can be shown that the square of predicted work 7 Note that the occupational dummies could have been included in the log wage equation. However, in order for the system of equations to be identified Z needs to include some regressors that are not already included in H. 8 While this procedure can be interpreted as instrumental variables, its motivation does not depend on endogeneity problems. Our motivation is to apply the correction model to data sets lacking information on actual experience. 9 Instead of predicting X * directly, one could regress the measurement error, υ, on the set of control variables, Z. Thus, b υ i = Z i b θ where b θ is unbiased and consistent under the standard assumptions on u, and b υ can be used to construct c X * . Specifically, for the case in which measurement experience is obtained from
which restricts the sample mean of d X * 2 to match that of X * 2 . 
for the case in which the measurement error is multiplicative. Additionally, further simplification of the additive case yields,
of predicting work experience differs from this method in that it omits two terms, X and −Z b C. 10 An alternative would be to impose the restrictionσ ω2 = 4σ ω1 .
for females. He constructs actual measures of years of work experience by summing the weeks worked and dividing through by 52 thus ignoring employment status and multiple job holding. He estimates these equations using pooled data (i.e. 1966-1984) from the NLSY66 and extends his findings to the 1980 Census Public Use Microdata Tapes.
Our empirical implementation of (5) includes completed schooling, marital status, industry dummies, regional dummies, and SMSA (Standard Metropolitan Statistical Area) dummies as the set of control variables, H.
11

IV. DATA
The data used in this paper come from the NLSY79, the PSID, and the IPUMS.
We focus on 1990 because it is a Census year common to all of our data sets and permits analysis of relatively young cohorts as well as a more broadly defined age grouping. The NLSY79 consists of 12,686 young men and women, living in the U.S., who were between the ages of 14 and 22 when the first wave of the survey was conducted in 1979. The PSID is a longitudinal study that began in 1968. There were 4,800 families included in 1968 and the largest amount and most detailed information is collected for the head of the household. For this reason, amongst others, we restrict our sample to heads of household who are between the ages of 18 and 55 in 1990. The IPUMS is a collection of 25 cross-sectional samples spanning the 1850-2000 U.S. Census years. To ensure comparability of our results across the data sets, we divided the IPUMS into two samples: 1) individuals between the ages of 25 and 33 in 1990; and 2) heads of household between the ages of 18 and 55 in 1990. The former construction most closely parallels the NLSY79 and the latter the PSID. In this paper, we abstract away from racial/ethnic issues by restricting our attention to whites.
The dependent variable used in the log wage equations is the hourly wage. We construct this measure by dividing the total income from wages and salary by the annual hours worked. For the NLSY79 and the PSID, the construction of the annual hours worked will be discussed below. The actual work experience measures correspond to the "years" of full-time equiv-alent (FTE) work experience accumulated as of the 1990 interview. The analysis considers only those who report at least one year of FTE work experience. In constructing this measure for the NLSY79 we used the "hours worked on all jobs" each week for a given calendar year. We summed these figures for 1977 through 1989 and then divided the total by 2080 (40 hours per week * 52 weeks per year) to obtain a measure of FTE work experience. 13 Information contained in the PSID family files on the "head's annual hours working for money" in 1967-1982 and the "head's total annual work hours" for 1983-1989 was used to construct actual work experience measures. Again, we summed the annual hours worked and divided through by 2080. Doing so produced figures that were implausibly low.
14 Consequently, we redefined the actual work experience measures for the PSID in the following manner. First, we referenced the information contained in response to the question asking how many years an individual worked since the age of 18 years (inclusive The potential work experience measure is calculated as follows,
Our sample consists of white males and females with at least one year of actual (and potential) work experience accumulated as of 1990. We omit individuals who were missing information on any of the aforementioned variables and exclude military 15 Both the NLSY79 and the PSID provide alternative measures of work experience. Specifically, the NLSY79 work history files contain hours worked in the past calendar year and the number of weeks worked per year. The PSID individual files also contain measures of the hours worked in a given year. Additionally, the PSID has information on the number of years a respondent has worked (full-time) since the age of 18. The number of weeks worked per year and the number of years worked since the age of 18 are obviously better than proxied work experience (i.e. potential measures) but they contain a fair amount of measurement error and do not allow for differences in employment status or multiple-job holding. Blank (1988) finds that while being simultaneously determined, the hours worked per week decision are independent of the weeks worked per year decision. In spite of this we did, however, re-estimate (5) using these alternative definitions and the results do not differ much.
14 personnel as well. In addition we also exclude Farmers and Farm Managers for the female heads of household regressions. Table 1 provides the descriptive statistics on the work experience measures across the data sets. The males, on average, have more work experience accumulated as of 1990 than the females. The NLSY79 males report 1.7 more years of FTE work experience than the females and the PSID males report 4.5 more years. For both data sets the potential work experience measures overstate time actually spent working.
V. ESTIMATION AND RESULTS
The differences are slight for the males but quite pronounced for the females. The problems are less severe for the NLSY79 because this data set contains a relatively young set of respondents. Overall, the most dramatic difference between the potential and actual work experience measures is for the PSID females; there is a 5.4 year discrepancy between the potential measure (17.8 FTE years) and the actual work experience measure (12.4 FTE years).
The descriptive statistics on the other control variables used in the log wage regressions can be found in the technical appendix which is available from the authors upon request. With few exceptions the sample characteristics were very nearly the same as between NLSY79 and IPUMS for the 25-33 year old group and between PSID and IPUMS for the 18-55 year old heads of household group. The main discrepancy was in the average hourly wage. The average hourly wage was consistently higher in the IPUMS data sets, ranging from only $0.13 higher than the NLSY79 for the young male group to $2.79 higher than the PSID for the 18-55 male heads of household group. The IPUMS hourly wage variable exhibited considerably higher variation as well. Because other sample characteristics match up quite closely, these discrepancies can be attributed to differences in how hourly wages had to be constructed because of differential data restrictions between IPUMS and the other data sets. A mitigating 15 factor is that we are focusing on estimation and wage decomposition differences that arise from using actual and predicted experience compared with potential experience, within a given data set.
Based on the log wage regressions (available upon request from the authors) one can assess the extent of the bias correction for the estimated coefficients on schooling and work experience by referencing the absolute and mean percent differences. The absolute percent difference between the estimated coefficients for the log wage regressions using either the predicted or the potential experience measures versus actual work experience is,¯c
The mean absolute percent difference for the returns to experience is just the average of (13) computed for the separate coefficients on the linear and quadratic experience terms. Regan et al. (2004) shows that in the Mincerian simple schooling model the coefficient on schooling is not identified because 1) this model is not based on an optimization framework, 2) does not control for ability (amongst other variables), and 3) is not concave in schooling. Consequently, one cannot interpret the coefficient on schooling as an internal rate of return. Nevertheless, for our purposes we will follow past convention and treat the coefficient on schooling as the effect of schooling on wages. Table 2 reports the effects on schooling and experience coefficients from using predicted vs potential experience instead of actual experience. In the log wage regressions for the NLSY79 white males, we find that the effect of schooling is 1.3 vs 37.8 percent off when predicted work experience is used vs potential work experience in lieu of actual work experience. See columns 1 and 2, respectively. Similarly, the estimated coefficients on the linear and quadratic experience terms are 14.5 vs 61.7 and 53.6 vs 95.7 percent off when predicted vs potential work experience is used in place of actual work experience. Thus, the average of the estimated coefficients for the experience variable is 34.0 vs 78.7 percent off when predicted work experience is used rather than potential experience. By comparing columns 1 and 2, one sees that the discrepancy on the schooling and experience coefficients are much larger when using potential work experience, instead of our predicted measure, in the log wage regression. For the NLSY79 females the pattern is similar with the exception of the estimated coefficients on quadratic experience. Using our predicted measure in lieu of potential experience creates a significantly larger departure from the estimated coefficient on actual experience squared. The peculiarities associated with the rates of return to work experience for the NLSY79 females may largely be stemming from the fact that this young sample has not accrued enough work experience to reach the concave portion of their wage-experience profile; the experience squared term only gains statistical significance when we use our predicted measure of work experience.
One can apply similar interpretations to the remaining figures in Table 2 corresponding to the PSID samples. We find that the log wage regressions using potential work experience overstate the effects of schooling relative to those using predicted work experience. With respect to the estimated rates of return to work, we again find that the log wage regressions using our predicted measures of work experience perform much better (relative to our actual experience measures) than those regressions using potential work experience Overall, we can take these findings as continued evidence for the need to employ better proxies than time elapsed since leaving school for female and male work histories when such information is lacking. sample. The unadjusted male-female wage differential is 0.224 log points. For the log wage regression using actual work experience, the difference in average endowments account for 0.07 log points of the unadjusted wage differential. The partial contributions of schooling and experience to the endowment effect are -0.032 and 0.067, respectively and are reported in column 1. Similarly, for column 2 which corresponds to the log wage regression using predicted work experience, the endowment effects explain about 0.097 log points of the unadjusted wage differential. The schooling and experience endowment effects when using predicted experience correspond very closely to those estimated with actual experience. When work experience is measured as the time elapsed since leaving school (column 3), the endowment effects are 0.006.
Thus the use of potential experience would imply that virtually all of the gender wage gap is unexplained. Columns (4) -(6) tell the same story. Using actual or even predicted experience yields lower estimates of discrimination compared with potential experience. We note that the separate estimated effects of the discrimination components differ significantly between actual and predicted experience (columns 4 and 5) although the overall sums do not differ very much. This has largely to do with the problem of capturing concavity of the wage/experience profile for this relatively young group of workers. Table 4 reports the decomposition results for the 25-33 age group from the IPUMS sample. Actual work experience is missing from the IPUMS data so the comparison is between using a predicted work experience and using potential experience. The unadjusted gender wage gap of 0.223 log points is virtually identical to that from the NLSY79 sample. The endowment effects account for 0.093 log points of the unadjusted gap when using predicted experience (column 1). On the other hand the use of potential experience would imply that virtually none of the unadjusted gap is the result of endowment differences (column 2). Columns 3 and 4 show that the corresponding estimate of discrimination is much smaller when using predicted experience. As was the case with the NLSY79, the use of potential experience would imply that virtually the entire gender wage gap for the 25-33 year olds is the result of discrimination or at best is unexplained.
Turning next to the broader group of workers aged 18 to 55 who are heads of households, we report the decomposition results for the PSID sample in Table 5 . The unadjusted gender wage gap is 0.297 log points. Actual and predicted experience yield virtually identical estimates of the contribution of endowments at 0.226 and 0.224 log points, respectively (columns 1 and 2). On the other hand potential experience yields a much lower estimate of the endowment effect (0.167 log points). Accordingly, actual and predicted experience yield virtually identical estimates of discrimination at around 0.07 log points (columns 4 and 5). The use of potential experience implies an estimate of discrimination or of the unexplained gap that is nearly twice (column 6) that obtained from using actual or predicted experience. Unlike the case for the younger workers in the NLSY79 dataset, the individual components of the discrimination estimates are very nearly the same as between actual and predicted experience (columns 4 and 5).
Finally, Table 6 reports the decomposition results for IPUMS sample of workers aged 18 to 55 who are heads of households. The unadjusted gender wage gap for this sample is 0.33 log points. Again, actual work experience is missing from the IPUMS dataset. The decomposition results follow the same pattern as found in the other samples. Endowment effects are larger and discrimination effects are correspondingly smaller when using predicted rather than potential experience.
Our analysis of work experience measures concludes with formal tests of the classical measurement error assumptions. The first hypothesis we test is,
Testing the above hypothesis is akin to asking whether the average potential experience is (statistically significantly) different from the average actual experience. The following test statistic is used,
. For both definitions of actual work experience in the NLSY79 and the PSID data sets, one can reject the null hypothesis at the five percent level of significance. Hence, the measurement error is non-classical in the sense that its mean is not zero. Referring back to Table 1 , one sees that the potential work experience measures overstate the true accumulated work experience which suggests that the means of the measurement errors, on average, are positive.
For the case in which the measurement error is additive, the second hypothesis we test is,
which is testing whether or not there is covariance between the actual work experience and the measurement error. Testing the above hypothesis involves a regression of the measurement error on the actual work experience to determine if the estimated coefficient on X * i is statistically significant. Specifically, because the estimated coefficient on X * i is the ratio of covariance between X * i and v and the variance of X * i . Because the variance of X * i cannot be zero, a significant estimated coefficient is rendered only when cov(X * i , v i ) 6 = 0. Similarly, if one assumes a multiplicative measurement error, one simply tests for covariance between ln (X * i ) and v i . Conducting the aforementioned regression in all cases yields statistically significant estimates of the coefficients on X * i and ln (X * i ). Thus, one can reject the null hypothesis and conclude that covariance does in fact exist between the measurement error and the (log) actual work experience measure.
VI. CONCLUDING REMARKS
This paper employs data from the NLSY79, the PSID, and the IPUMS in investigating the bias inherent in human capital models that utilize potential, as opposed to actual, work experience measures. We address the issue in a broader sense by not confining the analysis to women, where the problems of measurement error are well-known and broadly accepted, but by expanding the discussion to include males who also experience lapses of employment. The NLSY79 and the PSID allow us to measure actual work experience and to construct predicted work experience measures that we apply to the IPUMS-a data set lacking individual work histories.
A series of log wage regressions are run utilizing the various measures of work experience -actual, predicted, and potential (as proxied by time elapsed since leaving schooling). On the basis of these findings, we conclude that specification error in work experience not only biases its coefficient but also that of schooling as well; potential work experience overstates the effects of schooling and the rates of return to labor market experience. The only exception to the latter is for the PSID females.
Based on the figures in Table 2 , the bias on the estimated coefficient of schooling is 21 larger when potential work experience is used instead of our predicted work experience measure in human capital models. The mean absolute percent differences reveal a substantial reduction in the bias on the estimated coefficients on experience when our predicted measures are used. The only exception to this is for the NLSY79 females.
Discussions of wage differentials are always at the forefront of labor economics research. The discontinuous nature of female work patterns in particular, coupled with unemployment spells that affect both genders, and different labor market experiences (e.g., employment status) provide evidence that demands better proxies than potential work experience when actual work histories are lacking. Tables 3-6 support this claim. The wage decompositions suggest that more of the male-female wage gap is explained by the difference in average qualifications when our predicted measures of work experience are used in lieu of potential measures. This paper does not find support for the assumptions that are typically imposed in discussions of (classical) measurement error. We conduct a test that confirms a non-zero mean for the measurement error. While the average measurement error is positive, there are cases in which potential work experience actually understate actual work histories due to over-time work, multiple-job holding, and our imposition of a FTE status. Lastly, we conduct a test that confirms correlation between the measurement error and the true work experience measure. While we assume no covariance between the measurement error and the random error in the log wage equation, we conclude that the measurement error in potential work experience measures is nonclassical and that the problem is more fruitfully viewed as one of misspecification.
Instrumental Variables (IV) is the traditional approach taken to correct classical measurement error. This paper has shown, however, that the measurement error in work experience is non-classical. Matters are further complicated because experience enters log wage equations linearly and quadratically as well. While Kelejian (1971) offers an alternative estimation strategy (i.e. non-linear 2SLS), identifying a set of 22 unique instruments is not a trivial task. Basically, the problem with instrumenting potential experience (and its square) is that this assumes that the correct model specification requires potential experience but that in a given data set potential experience is measured with error. Thus, instrumenting potential experience would not solve the model misspecification problem. IV applied to potential experience produces biased wage decomposition components in both coefficient estimates and in the predicted mean work experience. note: ACTUAL and PREDICTED EXPERIENCE are constructed from hours worked per week for the NLSY79 and from total annual work hours as reported in the family files for the PSID Source of data: 1990 survey of the NLSY79, the PSID, and the IPUMS note: ACTUAL and PREDICTED EXPERIENCE are constructed from hours worked per week for the NLSY79 and from total annual work hours as reported in the family files for the PSID Source of data: 1990 survey of the NLSY79 and the PSID 
